INTRODUCTION
Genome-wide association studies (GWAS) have successfully identified thousands of variants associated with hundreds of human traits. The vast majority of trait-associated loci are located outside of protein coding regions. This observation presents the next set of challenges in human genetics-to understand the mechanism of the locus and to identify the causal variant of risk loci. Expression quantitative trait loci (eQTLs) represent an organizing principle to address both of these issues.
eQTLs refer to genomic locations harboring genetic variants that associate with transcript levels. Many studies have unequivocally demonstrated that a substantial proportion of transcripts are under genetic control (1) (2) (3) .
A practical value of eQTLs is their ability to implicate candidate genes that are influenced by non-protein coding trait-associated alleles. eQTL-based strategies provide an intermediate molecular layer between germline variants and traits. A transcript that is correlated with a variant in a relevant tissue or cell type becomes a strong candidate for downstream functional evaluation. Thus, eQTLs provide a logical strategy to evaluate the biology of non-protein-coding risk loci and indeed is one of the primary motivations behind large-scale genotype by gene expression databases (4, 5) . * To whom correspondence should be addressed at: D710A, 44 Binney Street Boston, MA 02115, USA. Tel: +1 6175828684; Fax: +1 6175827198; Email: freedman@broadinstitute.org When connecting trait-associated alleles with transcripts, identifying the particular cell type where the risk allele is exerting its effect remains a challenge. Evidence suggests that many eQTLs are tissue specific; however, data continue to emerge on this topic (5 -7) . Performing eQTL analysis for cancer risk loci raises another issue-should experiments be performed in normal and/or tumor tissue? Studying normal tissue is intuitively appealing because risk loci increase the risk of developing cancer and large-scale databases such as Genotype-Tissue Expression (GTEx) are just becoming available. On the other hand, the Cancer Genome Atlas (TCGA) has extensive data on multiple cancer types, including mRNA expression on hundreds of tumor samples. Performing eQTL analysis in the tumor tissue, however, is technically challenging because of the acquired somatic alterations that can also influence transcript levels. We recently described a method designed to overcome this challenge and to perform eQTL studies using gene expression from tumor samples (8) .
eQTL-target gene correlations can also serve as an organizing principle for fine mapping. Similar to fine mapping in a casecontrol setting, the goal is to identify variants that have a statistical signal at least as strong as the initially reported variant. Since any eQTL -target gene association represents a relationship between a regulatory element and its target gene, epigenetic data can be incorporated into the study design to prioritize candidate variants that directly affect regulatory elements. Among the known epigenetic marks, DNaseI hypersensitivity (DHS) is a time-tested technique used for annotating regulatory elements as it marks areas of accessible chromatin (9) . Fine mapping and DHS can be combined to prioritize a set of candidate loci for further testing as has been recently described (10) .
In this study, we systematically performed eQTL analyses in five tumor types. First, we performed a genome-wide ciseQTL analysis for both mRNAs and miRNAs. We then tested 149 independent risk alleles (across all five tumor types) for cisassociations with both mRNA and miRNA transcripts. Lastly, a fine mapping strategy was introduced in order to prioritize candidate causal alleles for future functional evaluation.
RESULTS
cis-acting eQTLs of mRNA in breast, colon, kidney, lung and prostate tumors
To identify the genetic determinants of gene expression in cancers, we performed cis-eQTL analyses for five common tumor types in TCGA using RNA-seq data ( Table 1 ). Realizing that somatic alterations in the tumor genome can affect gene expression, we adjusted the expression levels for somatic copy number changes and CpG methylation variation as previously described (see Materials and Methods) (8) . For each SNP locus, we evaluated the association between the corresponding germline genotypes and the transcript abundances of mRNAs within 500 kb upstream and 500 kb downstream of the locus (see Materials and Methods). A cis-association was determined by significant correlation between the germline genotypes and transcript levels at a false discovery rate (FDR) of 0.1 (see Materials and Methods). Our analyses identified 1306-5285 unique cis-associations (595 -981 genes) across the five tumor types (Table 2, Supplementary Material, Table S1 ). The unadjusted P-values range from 4.28 × 10 27 to 1.74 × 10 2296 . In order to evaluate whether the analyses are confounded by systematic biases, we compared the distribution of the test P-values to that of the expected P-values using Q-Q plots (Supplementary Material, Fig. S1 ). The resulting l statistics for all the analyses ranged from 0.923 to 1.02, demonstrating no systematic bias (see Materials and Methods).
Our data reaffirmed that the cis-associations tend to occur between SNPs and nearby transcripts. 24.5% of the cisassociations occur between a SNP locus and the target gene located closest to the risk SNP; 44.0% of the cis-associations occur between SNP locus and one of the five closest genes (Supplementary Material, Fig. S2 ).
cis-acting eQTLs of miRNA in human cancers
We next evaluated the genetic determinants of miRNA expression. We performed cis-eQTL analyses for the 1523 known miRNAs, of which the expression levels in the five aforementioned tumor types were available from TCGA RNA-sequencing data. Applying an FDR of 0.1, we identified 53-81 unique cis-associations (19 -53 miRNAs) from the five tumor types, respectively (unadjusted P-value ranging from 7.09 × 10 27 to 1.08 × 10
2133
, Table 3 , Supplementary Material, Table S2 ).
Cancer risk loci as genetic determinants of gene expression
We next evaluated a set of 149 independent cancer risk loci from recent GWAS with P-values ,1 × 10 27 (Table 1 , Materials and Methods) (11) (12) (13) . For each of the risk loci, we retrieved all the correlated variants (r 2 ≥ 0.7) from the 1000 genomes project and assessed the distribution of this set of variants across the genome (Fig. 1 , Materials and Methods). Consistent with previous studies, only a small fraction (1.1%) of the risk-associated variants (or their proxies) directly altered protein coding sequences, whereas the majority of variants were intergenic (52.2%) and intronic (45.1%) (13) .
Forty-two of the 149 risk loci (28.2%) had 1 -12 associated genes within 500 kb (FDR ≤ 0.1) ( Fine mapping cancer risk loci that are acting as eQTLs
The identification of causal alleles presents a challenge because of the intrinsic property of linkage disequilibrium (LD)-according to the 1000 genomes data, on average, a given risk locus is correlated with 56 other variants (14) . eQTLs provide rational additional information for candidate causal allele detection. eQTL -gene associations represent a biological unit comprised of a regulatory element and its target gene. This relationship is important for two reasons: it provides (i) the appropriate cell type in which to perform functional work; and (ii) a clear-cut readout for causal allele identification-the causal variant would be expected to influence expression levels whereas a correlated variant would not. We performed a fine-mapping analysis for the 42 significant cancer risk loci identified above. The goal of the analysis is to identify candidate causal alleles that could be prioritized for downstream functional evaluation. We specifically hypothesized that the target gene is under the control of a single variant. Because DHS sites are an accepted way of annotating regulatory elements, we used this feature to prioritize variants residing in potential regulatory elements. We used the ENCODE DNaseI track that is a compilation of genome-wide DNaseI HS profiles from125 cell types (15) . Our rationale was to minimize false negatives by not having to rely upon a profile from one cell line (derived from one individual), which may not adequately capture the diversity of DHS. For each variant, we derived a posterior probability to summarize the eQTL level of significance (the association data) and the regulatory potential (DHS) (Materials and Methods).
For the 42 risk loci where we identified significantly associated gene(s), we imputed the genotypes of all correlated polymorphisms with an r 2 larger than 0.5 (Materials and Methods) and located within 1 Mb of the risk locus (N ¼ 2181) (Materials and Methods). We calculated the posterior probability for each of the 42 eQTL target -gene associations. The posterior values showed a strong bimodal distribution (Supplementary Material, Fig. S3 ). To select the variants with the highest likelihood of Table  S4 ). While the rank order list of the posterior should serve as a guidepost for downstream functional follow-up, we note that 65 variants had a posterior value of at least one order of magnitude higher than the posterior of reported risk loci. Figure 2 illustrates various scenarios. The NUDT11 and RGS17 plots show loci with a large number of highly correlated variants (Fig. 2) . Incorporating DHS data greatly reduces the number of candidate causal variants for functional testing. The C5orf35 locus demonstrates that the strongest candidate variants are moderately correlated with the index variant and are 41.5 kb (rs11960484) 81.1 kb (rs252920) away (Fig. 2) .
The fine mapping results also suggested that variants not correlated with the risk alleles are associated with the same target gene as the risk variant. Specifically, out of 35 target genes associated with cancer risk loci, 16 have minimally correlated (r 2 , 0.3) variants that possess at least one order of magnitude higher significance than the index variant (Supplementary Material, Table S5 ).
DISCUSSION
eQTLs can serve as an organizing principle. They provide a logical framework for identifying both candidate causal genes and candidate causal loci. They help to identify the particular cell type where the trait-associated allele is acting providing a rationale for selecting the appropriate cell line for follow-up experiments. In addition, eQTLs provide a clear experimental readout (transcript levels) for fine mapping and causal allele identification. In this study, we generated a list of candidate causal genes and causal loci that should be considered as strong candidates for functional evaluation in appropriate assays. We leveraged the strength of TCGA data. TCGA is notable for amassing multiple data elements on tumors in a qualitycontrolled fashion. Because expression measurements are performed in tumors, it is important to adjust for somatically acquired alterations as we have previously shown (8) . In this study, we used expression as measured by RNA-sequencing as opposed to microarray data in our prior study. Importantly, two of the three cis-eQTLs discovered in our prior study were significant in this study. Interestingly, MYC levels are associated with one of the prostate cancer 8q24 risk loci, rs4242384. Most studies evaluating 8q24 cancer risk loci (across multiple tumor types) and MYC levels are negative (16, 17) . Despite negative eQTL data, other data such as long-range physical interactions, as well as mouse data for the colon cancer 8q24 risk locus, implicate MYC involvement in 8q24 driven tumors (16, (18) (19) (20) .
The current eQTL analyses are restricted to common variants due to sample size limitations. However, rare variants may also play critical roles to determine the phenotype and should be included in future studies. Another important question is the comparison of eQTLs from the tumor and the normal tissue, which is hindered by lack of matched normal samples in TCGA. Therefore, comparison of eQTL target -genes in both normal and tumor tissue of the same cell type will be interesting. Efforts such as the Genotype-Tissue Expression project will be informative in this regard (4) .
Multiple prostate eQTL target-gene pairs that have been previously identified in other studies are observed in this data set, including rs12653946/IRX4 and rs5945619/NUDT11 (21, 22) . Other previously reported eQTL target-genes, however, did not replicate in the prostate data set such as HNF1B and MSMB (21) . Discordant results between studies may be due to power (the current TCGA prostate sample size is smaller than some of the prior studies) and/or because the association is only observed in normal tissue. For prostate cancer associations in particular, some of the discrepancies may be explained by variants that are associated with PSA levels, but not with prostate cancer as have been shown for a handful of polymorphisms (23) . Additionally, different analytic and statistical techniques can influence the comparisons between studies. Lastly, it is conceivable that some of the prior associations are false positive results.
Certain genes deserve mention as plausible candidates mediating cancer risk. DYNLRB2 is a gene that has been implicated in the progression from in situ to invasive breast cancer (24) . BMPRIB is a serine/threonine kinase that has been shown to inhibit growth and proliferation of prostate cell lines (25) . SESN1 is part of a family of genes induced by the p53 protein and has been shown to be repressed by the androgen receptor (26) . RGS17, a member of the regulator of G-protein signaling family, shRNA knockdown in prostate cells inhibited proliferation (27) . FGF19, a member of the fibroblast growth factor family, was recently shown to function as an autocrine growth factor. Exogenous FGF19 promoted growth, invasion, adhesion and colony formation, whereas decreasing FGF19 decreased invasion and proliferation in vitro and tumor growth in vivo (28) . Only one risk locus was associated with a microRNAthe colon cancer risk locus, rs4925386, with miR-1-1. Interestingly, miR-1-1 is frequently methylated in colorectal cancers and it has been suggested to act as a tumor suppressor (29) . A notable observation is that the number of significant eQTL target -gene associations differs substantially among the five tumor types. Despite having similar numbers of risk loci as breast cancer (and fewer samples to analyze), the prostate samples had the greatest number of associations. Trait-associated variants may exert their effects in a cell automonous or non-cell autonomous fashion. Perhaps prostate cancer risk variants are more likely to act in a cell autonomous manner. Further studies will be necessary to definitively address this issue.
While eQTLs are being used to annotate trait-associated loci, they are potentially equally powerful for prioritizing candidate causal loci for downstream functional testing. As stated above, due to LD, a purely genetic approach is unlikely to definitively identify the causal variant. Because an eQTL target -gene association represents a regulatory element and its target gene, a straightforward experimental test with a quantitative readout (i.e. gene expression levels) can be designed. Using genome editing tools such as transcriptional activator like effector nucleases (TALENs) or Clustered Regularly Interspaced Short Palindromic Repeats (CRISPR) technologies, it is possible to directly engineer single nucleotide changes with pinpoint precision into the nuclear genome without selectable markers (30, 31) . The expectation is that the causal allele will alter transcript levels whereas a correlated variant will not.
We devised a posterior probability that incorporates both the strength of an association between a variant and transcript levels as well as whether or not the variant was located in a DHS. This test is similar to another recently published test that also accounts for the association signal and epigenetic features (10) . Over the past several years, many epigenetic marks have been shown to Figure 2 . Illustration of the fine-mapping candidates of three cancer risk loci based on an integrated posterior probability combining association and epigenetic data. Each point represents a correlated germline variant of the initially reported risk locus (labeled by blue text); the height of the points corresponds to the eQTL level of significance (2log 10 P values); the DNaseI HS scores are shown beneath the posterior; the green bars show the posterior probabilities. (A) Xp11.22/rs4945619 with NUDT11 in prostate cancer; (B) 6q25.2/rs1933488 withRGS17 in prostate cancer and (C) 5q11.2/rs889312 with C5orf35in ER-positive breast cancer. NUDT11 and RGS17 demonstrate how incorporating DNaseI HS data can prioritize variants for functional testing in areas with extensive LD. For C5orf35, the strongest candidates are a considerable distance away from and are moderately correlated with the initial risk SNP.
correlate with various types of regulatory activity (e.g. promoters, enhancers, silencers and insulators). Because we did not want to be biased toward a particular type of regulatory element, we chose to use DHS, a generic mark of open chromatin. In order to increase the sensitivity of the fine mapping analysis, we used the union DHS from 125 cell types to define the prior. This selection is probably made at the cost of specificity. On the other hand, an investigator may select tissue-specific DHS to increase specificity, at the possible cost of sensitivity. Importantly, the final proof of the success or failure of any algorithm that proposes to identify causal alleles will be determined by comparing the top variants from the eQTL analysis with the top variants from case -control fine mapping as well as functional validation. Until more causal alleles are definitively identified and we gain a deeper understanding of how various epigenetic features track with actual causal alleles, individual investigators will be required to make an educated guess as to which feature they believe to be the most important. Our goal was to provide a model that is flexible enough to accommodate investigators' choices for various features.
The data generated in this study provide a list of genes and variants that can be immediately prioritized for functional evaluation. However, some caveats exist. For approximately half of the associations, we have identified for the risk loci, the significance of the risk loci is less (at least one magnitude) than independent variants from the same region. This observation is consistent with two plausible scenarios: first, it is possible that the target gene has nothing to do with the particular phenotype under study. That is, the risk locus can be an eQTL for the target gene and this eQTL target -gene association is completely independent from risk; second, the independent variant is also a risk locus that acts on the same target gene. As is now being observed by many fine mapping studies, genomic risk loci often harbor multiple independent risk alleles (12, 32, 33) . Fine mapping in large-scale case -control studies will distinguish these two scenarios.
Lastly, many risk loci are not significantly associated with a target gene. Possible reasons include evaluation of the wrong cell type (e.g. either a different cell type or subset of morphologically similar cells such as stem cells), transcripts that are outside the tested interval, other mechanisms driving risk (e.g. influencing long non-coding RNA levels), evaluating the incorrect state (tumor instead of normal), measuring expression at the wrong time point, or a false negative due to sample size and/or assay sensitivity.
MATERIALS AND METHODS

Data sets
Five tumor types were included in the eQTL analyses ( Table 1) . The data were downloaded from 'The Cancer Genome Atlas' (TCGA) data portal (https://tcga-data.nci.nih.gov/tcga/tcga Home2.jsp). A total of 906 600 common variants were genotyped from matched normal DNA samples using Affymetrix SNP 6.0. The expression profiles of mRNA and miRNA in matched tumor samples were obtained from pre-processed RNA sequencing data; the somatic copy number and methylation are also measured and inferred from matched tumor samples.
eQTL analysis
For each cohort of tumors, we determined the ancestry based on the germline genotype data using EIGENSTRAT software with 415 HapMap genotype profiles as control set. Only populations of Northern and Western European ancestries were included in the analyses.
We first performed cis-eQTL analyses for the five tumor types using a method we described previously, in which the association between 906 600 germline genotypes and the expression levels of mRNA or miRNA (located within 500 kb on either side of the variant) were evaluated using linear regression model with the effects of somatic copy number and CpG methylation being deducted. (For miRNA expression, the effect of CpG methylation is not adjusted for since the data are not available.) To adjust for multiple tests, we adjusted the test P-values using the Benjamini-Hochberg method based on the total number of cis-associations that has been tested. A significant association is defined by a FDR of ,0.1. For each eQTL analyses, we generated the Q -Q plot based on the distribution of test P-values and the distribution of expected P-values. The inflation factor (l statistics) is used to indicate possible confounding effects in the analyses.
Following the cis-eQTL analyses, we collected a set of risk loci of the five tumor types which were derived from previous GWAS with P-values below 10 27 (Table 1 ) (13). For each tumor type, we retrieved the correlated variants (r 2 . ¼ 0.7) of the corresponding risk loci that are represented in the germline genotype data as a test set. Again, we adjusted the test P-values using the Benjamini -Hochberg method based on the number of cis-associations tested for the risk loci only. The significant associations are defined by a FDR of ,0.1.
Imputation
For each risk locus to which a gene has been found associated in cis, we retrieved the genotype of all SNPs on the Affymetrix 6.0 array within 2 Mb of either side of the risk locus. Using these genotypes and the impute2 March 2012, 1000 Genomes Phase I integrated variant cosmopolitan reference panel of 1092 individuals (haplotypes were phased via SHAPEIT), we imputed the genotypes of SNPs in the 1000 Genomes Project in the target regions for TCGA samples (34) (35) (36) (37) . For each risk locus to which a gene had been found associated in cis, we retrieved the imputed variants within 500 kb of either side of the risk locus. In order to control for the accuracy, variants of low imputation quality (,0.7) are excluded from the following finemapping analysis. We tested for association between imputed SNPs and gene expression using the linear regression algorithm described above, where each imputed SNP was coded as an expected allele count (38) .
Fine mapping
For each SNP locus i, we considered two factors: the eQTL level of significance, which is represented by the test P-values from the eQTL analysis; and the potential regulatory activity in the locus (prior), which is represented by the DNaseI hypersensitivity.
We select the candidate causal alleles by a posterior probability which takes into account both aforementioned factors.
Let p i denote the P-value resulting from the test between the genotype of a SNP locus i and the target gene, and let x i 2 ¼ z i 2 , where z i ¼ F
21
(1 2 p i /2), and F 21 is the inverse of the normal cumulative distribution function. Under the assumption that there is exactly one causal variant in the set of SNPs tested, the posterior probability that SNP i is the causal allele can be approximated by the following expression: To identify candidate causal variants, we retrieved all correlated variants (r 2 ≥ 0.5) of a known risk locus from the 1000 genomes phase I data and minor allele frequency .0.05 (based on the CEU population). We then calculated the posterior probability for each of the correlated variant i as described.
For each risk locus, we stratified the posterior probabilities of all the correlated variants using a medoid-based partition method (40) . Then, we selected the subset of variants with higher posterior as the fine mapping of the original reported risk locus.
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